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A B S T R A C T
Calcium content in sparkling wines may not exceed 80mg/L due to the risk of aggregation with alginate cap-
sules. The high calcium content usually found in wine and must emphasizes the need to develop alternative and
appropriate techniques faster and cleaner than atomic absorption spectrometry (AAS). To obtain a robust model
to predict calcium content, FT-NIR spectroscopy was used in 98 base white wine samples and 60 must samples
from an Alentejo winery. The reference method for calcium determination was AAS technique, with a dry ashing
sample procedure, as a prior treatment.
Results confirmed the ability of FT-NIR as an alternative technique to AAS, to predict calcium content in
grape must and base wine. Advance knowledge of the calcium content in the grape must will help avoid ob-
taining a mixture of musts with a high calcium content in the same container.
1. Introduction
Wine makers are continuously looking for high quality wines. A
strict analytical control of minerals is required during the whole process
of wine production from grape to final product. A critical step in the
production technology of sparkling wine is the utilization of im-
mobilized cells in alginate beads. After the main fermentation is com-
pleted, sugar and yeasts are added to produce secondary fermentation
with an excess of carbon dioxide production. Traditional sparkling wine
is produced by secondary fermentation in the bottle and the use of
yeasts is necessary for this fermentation. Encapsulated yeasts allow
direct inoculation into wine and are used rather than free yeasts to
ensure an active minimum population of 1 million cells/mL of wine.
Therefore, the use of encapsulated yeasts in commercial production of
sparkling wine is preferable to free yeasts, because they are much more
easily added to and removed from bottles via the ice-disgorging pro-
cedure, without the need for traditional riddling.
The yeast immobilization technique within double layer calcium
alginate beads is widely used in the food industry due to its high ca-
pacity of retention and preservation of cell viability (Velings &
Mestdagh, 1995). Alginate is a polysaccharide biopolymer composed of
varying compositions of b-1,4 linked D-mannuronic and L-guluronic
acids and has a high affinity with divalent cations. Alginate is cheap,
non-toxic, forms a highly versatile array and protects the active com-
ponents from heat and moisture, thus increasing its stability and
bioavailability (Funami et al., 2009). However, the use of encapsulated
yeasts in base wine needs to meet certain requirements. These yeasts
should not be used in wine with a calcium content higher than 80mg/L,
in order to avoid aggregation of alginate capsules as a result of calcium
bridges. When the second fermentation is completed, it is necessary to
remove the beads from bottles and the aggregation of alginate beads
will form a larger and less flexible structure that will make the ice-
disgorging procedure more difficult. The incomplete removal of algi-
nate beads from bottles requires another filtration that will lead to a
significant loss in quality (Genisheva, Teixeira, & Oliveira, 2014).
The wine is a complex water-ethanol mixture which contains,
among other substances, a great variety of salts. The most abundant
ones are those related to grape physiological processes, such us K, Ca,
Na and Mg (Grindlay, Mora, Gras, de Loos-Vollebregt, 2011). The grape
itself is the main source of calcium in wine. Calcium is found in the
grape pulp, skin cell walls and in cell membranes, affecting cell per-
meability and stability. Calcium bound to cell walls in grape skin, may
reach values of 0.8 mg/g frw (fresh weight) (Huang, Huang, & Wang,
2005). Calcium can also be derived, to a lesser extent, from con-
tamination through soil, cement storage tanks and from coadjuvants
that contain it. In the soils, ions move from external solution into root
cell walls through a non-metabolic process. Cations in the soil bind to
the negative charges of apoplasm due to the carboxylic groups of pec-
tins, whereas anions are repelled. Divalent cations such as Ca2+ are
preferentially bound to these cations-exchange sites and plant species
differ considerably in this capacity according to the carboxylic groups
located in cell walls (Marschner, 1995).
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The concentration of minerals in grapes is influenced by maturity,
variety, type of soil and climactic conditions during grape growth
(Versari, Laurie, Ricci, Laghi, & Parpinello, 2014). In spite of the wine
calcium content being a limiting factor to the use of alginate beads,
there is a lack of rapid methods to evaluate calcium in wine. Some
chemistry methods have been widely applied for calcium content de-
termination in base wine, such as atomic absorption spectrophotometry
(AAS) (Olalla et al., 2002) and cell inductively coupled plasma (Baluja-
Santos, Gonzalez-Portal, & Bermejo-Martinez, 1984). These methods
have some disadvantages being destructive, time consuming, laborious,
costly and require complex and professional laboratory operations.
Regardless of the disadvantages, the method of choice for calcium de-
termination in wine is AAS due to its precision, accuracy and versatility.
In its classification of official methods of analysis, the Office
Internatinal de la Vigne et du Vin (2012) recommends the direct
method by AAS where calcium is quantified directly in wine. This
technique has been questioned by some authors (Grindlay et al., 2011;
Olalla et al., 2002) who have emphasized the disadvantages of this
technique related to wine matrix effects. Non-spectral interferences due
to the presence of ethanol, the absorbance enhancement of some al-
kaline elements due to K, as well as the lower absorbance of Ca due to
the presence of anions, are some of the potential wine matrix effects
(Olalla et al., 2002). In substitution of direct methods for wine analysis,
some researchers have proposed a dry mineralization treatment of the
samples before the determination of the elements in wine, since wine
organic components are efficiently decomposed, and the wine matrix
effects are then reduced (Grindlay et al., 2011).
In viticulture, some of the most widely used spectral techniques
involve ultra-violet and visible (UV–Vis) spectrometry. UV–Vis covers
the range from 200 to 780 nm and is frequently used to detect pigments
(Cejudo-Bastante, Rivero-Granados, & Heredia, 2017), organic acids
(Pereira, Reis, Saraiva, & Marques, 2011) and phenolic compounds in
wine (Aleixandre-Tudo, Nieuwoudt, Olivieri, Aleixandre, & du Toit,
2018; Boulet, 1985). More recently other spectroscopic techniques have
attracted attentions from researchers and commercial organizations
such as Fourier-transformed infrared (FT-IR) and Raman spectroscopy.
Briefly, these spectroscopic techniques rely on the interpretation of
absorption spectra from different analytes that are a unique reflection
of their composition and molecular structure. Some frequencies of
molecular vibrations occur in the IR region including those generated
from CeH; C]O; OeH; NeH and other functional groups (Cozzolino,
Dambergs, Janik, Cynkar, & Gishen, 2006). Consequently, and ac-
cording to Cozzolino et al. (2008), the estimation of minerals in wine by
NIR spectroscopy is mainly dependent on the presence of these minerals
in wine organic compounds. The combination of vibrational spectro-
scopy and the multivariate data analysis provides calibration models
which correlates the spectral response of a sample to its compositional
profile (Musingarabwi, Nieuwoudt, Young, Eyéghè-Bickong, & Vivier,
2016). Correlative methods based in Fourier-transformed infrared (FT-
NIR) spectroscopy have been used to predict quality in grapes and wine
(Cozzolino et al., 2006; Martelo-Vidal, Domínguez-Agis, & Vázquez,
2013; Martelo-vidal & Vázquez, 2014; Musingarabwi et al., 2016;
Porep, Mattes, Pour Nikfardjam, Kammerer, & Carle, 2015; Schmitt,
2014; Teixeira dos Santos, Páscoa, & Lopes, 2017). Also Fourier-trans-
formed middle infrared (FT-MIR) spectroscopy has been used to
monitor the red wine fermentation quality (Di Egidio, Sinelli,
Giovanelli, Moles, & Casiraghi, 2010; Urtubia, Pérez-correa, Pizarro, &
Agosin, 2008) and to quantify anthocyanins in wine (Romera-
Fernández et al., 2012). In wine industry, Raman spectroscopy is much
less explored than FT-NIR or FT- MIR (Martin et al., 2015; Meneghini
et al., 2008; Teixeira dos Santos et al., 2018) due to the lower sensitivity
of this technique (Teixeira dos Santos et al., 2017).
Vibrational spectroscopy is also very sensitive to external inter-
ferences and spectra data can be affected by undesirable systematic
noise due to temperature, light scattering or background noise, which
can invalidate the construction of accurate statistical models (Teixeira
dos Santos et al., 2017). Prior to calibration, pre-processing methods
will be performed to raw spectra in order to obtain the best calibration
model. In wine industry several pre-treatments have been used such as
standard normal variate (SNV); smoothing (Sauvage, Frank, Stearne, &
Millikan, 2002); multiplicative scatter correction (MSC) (Pereira et al.,
2011); and derivative transformations (Di Egidio et al., 2010; Martelo-
Vidal et al., 2013).
The partial least squares regression (PLSR) method (Wold, Sjostrom,
& Eriksson, 2001) is a multivariate regression technique heavily used in
spectroscopic data analysis of wine studies (Pereira et al., 2011; Pôças,
Rodrigues, Gonçalves, Costa, and Gonçalves, 2015; Romera-Fernández
et al., 2012; Teixeira dos Santos et al., 2017).
In spite of all the advances in spectroscopic technologies, the ex-
isting published works on the use of FT-NIR spectroscopy to evaluate
mineral elements in wine is limited. Calcium is one of the most common
elements evaluated by NIR spectroscopy due to the high amount of this
mineral element in plants and also because of its interaction in some
food quality parameters, however this technique is still not a routine
procedure to evaluate calcium content in wine.
In Portugal, Alentejo is an important wine and grapes production
region where the majority of the soils have a high calcium content. The
aim of this research was to develop an analytical method based on vi-
brational spectroscopy (NIR) to predict calcium content in must and in
wine. In wineries, prior knowledge of the must calcium content during
the harvest period will be a great advantage, in order to prevent the
mixture of musts with a higher value of this cation, in the same bin.
Also, in base wine, the quantification of this cation with a faster and
non-destructive methodology will save a significant amount of time in
the evaluation of this important quality parameter.
2. Material and methods
2.1. Samples
Ninety-eight base white wine samples of 750mL and sixty grape
must samples were collected from a local winery in Alentejo in 2016.
Spectroscopic measurements were made in all samples as well as in the
corresponding references. Prior to spectral data collection, filtration
was performed in grape must samples through a vacuum filter.
In order to assess the accuracy of the calibration model for calcium
quantification in base wine and grape must produced in 2016, 10
samples of base wine and grape must produced in 2017 were used as an
external validation set. The corresponding chemical reference analysis
were also performed in 2017. After spectra collection, all base wine and
must samples were subjected to a dry ashing mineralization procedure.
2.2. Dry ashing mineralization
This technique represents the most used approach for the miner-
alization of the organic-based samples. All material and containers were
glassware and were cleaned in a 10% (v/v) HNO3 solution for at least
24 h and rinsed abundantly with ultrapure water before use.
For water and alcohol vaporization, 20mL of wine samples were
placed in a water bath at 100 °C during 50min, crucibles with the re-
sidues were pre-incinerated at 200 °C for vaporization of most of the
organic compounds, and then introduced in a high-temperature muffle
furnace and ashed at 500 °C. The temperature in the muffle oven was
increased at a rate of approximately 30 °C/h and maintained at 500 °C
during 6 h. The ashing procedure was based on the method described by
Office Internatinal de la Vigne et du Vin (2012).
In grape must samples, an aliquot of 20mL was placed in porcelain
crucibles and pre-incinerated at 200 °C, introduced in a high-tempera-
ture muffle furnace and ashed at 500 °C. The ashing process was the
same as for the wine samples.
J. Véstia et al. Food Chemistry 276 (2019) 71–76
72
2.3. Determination of chemical composition of wine and grape must
After muffle furnace incineration of the wine and must samples,
6 mL of 0.5M hydrochloric acid (EMSURE®, 37% p.a.) was added to all
samples and transferred into a digestion tube. Digestion proceeded at
140 °C in a dry bath (Selecta, thermostat dry-blocks) until solution
became translucent. Samples were filtered (Whatman n° 542) and then
brought to a final volume of 50mL with ultrapure water
(18.2MΩcm−1) obtained from a Milli-Q Water System™ (Millipore,
Guyancourt, France). All reagents and solvents were of suprapure grade.
Determination of calcium content in wines and grape must samples
was performed by AAS (GBC, Avanta PM), according to (Office
Internatinal de la Vigne et du Vin, 2012). Calcium was atomized in an
air-acetylene flame with an air flow of 13.5 L/min and an acetylene
flow of 2 L/min with a work head height of 0.2mm. Absorbance was
measured by using a 422.7 nm wavelength and a 1 nm slit width. The
Ca concentration in each sample was calculated by comparison with a
standard curve prepared with a standard solution of Ca using 9 con-
centrations levels ranging from 1 to 200mg/L. To correct the influence
of phosphates, each digestion was diluted at 10% (v/v) with a solution
containing 20% (v/v) of lanthanum chloride solution at 2.5% (w/v).
Each sample was analysed in triplicate.
According to Pozo-Bayón, Martínez-Rodríguez, Pueyo, & Moreno-
Arribas (2009) physicochemical parameters were evaluated in wine
samples to attest that healthy and good vinification practices were
applied.
2.4. FT-NIR spectra acquisition and processing
Prior to chemical analysis, spectra were acquired from wine and
grape must samples with a laminar 5030 NIR Analyzer (Brimrose
Corporation, Baltimore, USA), equipped with a transflectance post
dispersive optical configuration and InGaAs (1100–2300 nm) detector,
based on the Acousto-Optical Tunable Filter (AOTF) NIR principle.
Prior to spectra acquisition and to verify the spectrometer performance,
a series of tests were undertaken: wavelength accuracy, wavelength
repeatability, sample noise test, reference noise test and internal sen-
sors test. For the accuracy-repeatability tests, polystyrene was used as a
reference material. These tests were performed with a bandwidth in-
terval of 0.00001; a bandwidth factor of 1.0, a standard deviation for
peak position< 0.05 nm and considering a peak shift value< 1.5 nm.
Maximum acceptable noise level for sample noise test was 150 RMS µ
A.U. and maximum acceptable noise level for the reference noise test
was 150 RMS µ A.U. Internal sensors were tested to ensure that all
measured sensors voltage was within limits.
After acquisition, the spectral data was converted to absorbance (log
(1/R)), the logarithm of the reciprocal of reflectance. The spectra ac-
quisition was performed under laboratory conditions at room tem-
perature of 20 °C. Samples were taken from 4 °C storage and placed in
the laboratory until reaching 20 °C according to Cozzolino et al. (2006).
The spectral acquisition and instrument control were performed by
SNAP 2.03 software (Brimrose, Crop, Baltimore, MD, USA). The in-
strument's liquid probe accessory was used. The probe was in stainless
steel, equipped with an adjustable pathlength adaptor and it was used
for a pathlength of 2mm. Each sample spectrum was collected in a
scanning range of 1100–2300 nm with wavelength increments of 1 nm
and 250 spectra per sample which merged in a single spectrum mea-
surement for further elaboration.
The FT-NIR spectra were exported to The Unscrambler software
(version 10.4, Camo, ASA, Oslo, Norway) for chemometric analysis. The
Partial Least Squares Regression (PLSR) was the selected algorithm for
the chemometric analysis (Wold, Sjostrom, & Eriksson, 2001).
The calibration process was obtained from the spectra data after the
application of spectral pre-processing techniques to reduce the external
interferences. Several pre-processing techniques were applied in order
to achieve the maximum accuracy and reliability for the prediction
model: base line correction, standard normal variate (SNV), multi-
plicative scatter correction (MSC), 1st derivatives using Savitzky-Golay
derivative algorithm (Di Egidio et al., 2010). For PLSR, samples were
split into two sets: 70% of the samples represented the training set for
the prediction model, and 30% of the samples, the test set for validation
(Błażewicz, 2003). The PLSR was computed up to 10 components and
the optimum number of components will be selected. The number of
selected components will be done in a way that minimizes the predic-
tion error and these components will be used for the prediction model
instead of the original spectra (Wold et al., 2001).
Thus, in order to obtain the best calibration models, a total of 103
base wine samples were divided as follows: 75 samples, which re-
presented the calibration set and the remaining 28 samples made up the
validation set, where the calibration set was also subjected to cross-
validation. Similarly, of the total of 75 samples of the grape must, 56
represented the calibration set, and the 19 remaining samples made up
the validation set, whereby the calibration set was also subjected to
cross-validation. The quantitative measure for the predictive accuracy
of the model is evaluated by the root mean square error for the pre-
diction (RMSEP) and the preciseness with which the samples are pre-
dicted through the cross-validation set is defined by the root mean
square of cross-validation (RMSECV). Also, the coefficient of determi-
nation (R2) was evaluated, which is an excellent accuracy indicator of
the model and it represents the proportion of the variance in the de-
pendent variable that is predictable from the independent variable
(Aleixandre-Tudo et al., 2018).
Also, RPD (Residual predictive Deviation) is a useful parameter that
is applied to evaluate the quality of validation results. The higher the
value of RPD the greater the robustness of the model. Models with RPD
values greater than 2 are recommended for screening purposes, greater
than 3 are good for prediction and values greater than 5 are re-
commended for quality control (Versari et al., 2014).
3. Results and discussion
All sparkling wine samples showed enological parameters within
the ranges established by Portuguese regulations for sparkling wines
(data not shown). The results of the enological parameters, according to
Pozo-Bayón et al. (2009), indicate that the grapes used were healthy
and that good vinification practices were applied. Wine samples also
presented a high variability related to calcium concentration, which is
essential to develop robust prediction models (Table 1).
The calcium quantification through AAS in grape musts and wine
reached average values of 154.2mg/L, and 112.0mg/L, lower values
were obtained by Olalla et al. (2002) who reported values of 90.0 mg/L
and 82.3mg/L for grape musts and wines, respectively. Calcium values
obtained with AAS, in the studied wines, ranged between 62.8 and
238.1mg/L, with similar values being found in the literature
(Rodrıǵuez Mozaz, Garcıá Sotro, Garrido Segovia, & Ancıń Azpilicueta,
1999). In fact, it is widely recognized that Alentejo produces musts with
high calcium content which justifies the high values of this cation in
base wine samples.
Table 1
Calcium content in calibration and validation sets (mg/L). Each mean re-
presents the average of triplicate measurements.
Data sets Number Range Mean
Grape must
Calibration 56 62.8–238.1 152
Validation 19 73.3–210.2 147.9
All 75 62.8–238.1 154.2
Wine
Calibration 75 61.2–151.8 99
Validation 28 72.9–148.2 98
All 103 61.2–151.8 112
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Two large absorption bands that correspond to O–H bonds around
1400 and 1900 nm, corresponding mainly to water and ethanol mole-
cules and other residual molecules with OeH bonds present in wine, are
visible in the NIR spectrum of wine. Since both edges of the spectral
range from 1100 to 2300 nm were removed in grape must and base
wine samples, due to a high noise level in those regions, images were
resized to the spectral range of 1200–2200 nm. In most cases, the whole
spectrum range does not improve the model performance, since edges
of wavelengths include irrelevant information (Wu & Sun, 2013).
In order to predict the calcium content of grape must and wine with
a FT-NIR handheld device, different spectral pre-processing methodol-
ogies were tested to remove any irrelevant information. For this pur-
pose, a set of mathematical algorithms were applied: base line correc-
tion, standard normal variate (SNV), multiplicative scatter correction
(MSC), 1st derivative using the Savitzky-Golay algorithm (Fig. 1).
Spectral pre-processing techniques were applied to raw spectra and
seven regression models were developed using the four mathematical
treatments listed above, both isolated and combined (Table 2). A model
with the raw spectra, without a pre-processing procedure, was also
studied.
The required number of latent variables (LV), or components, cor-
responds to the first minimum value of the predicted residual error sum
of squares (PRESS). From that value onwards, other lower PRESS values
occur. Nonetheless, and according to Wold et al. (2001), the in-
corporation of new LV does not explain any further variation and
contributes to over-fitting models.
It should be noted that spectra from modern spectrometers equipped
with an InGaAs detector may have absorbance values up to 2,5. In fact,
this kind of detector ensures the linearity in whole working wavelength
range. Absorbance values higher than 2,5 are characterized by very
small light intensities and consequently the resulting signals contain
more noise and should not be used (Porep et al., 2015).
Considering all pre-processing methods in grape must samples, the
best results were obtained using first derivative followed by SNV which
is justified by the lowest RMSECV and RMSEP values and the highest R2
value (0.935) (Table 2). According to Roussel, Preys, Chauchard, and
Lallemand (2014), and Rodriguez-Saona, Fry, McLaughlin, & Calvey,
(2001), the SNV pre-treatment is the method which allows for the
correction of the pathlength variation and limit the spectral intensity
variation problem, and as such improving the signal-to-noise ratio and
correcting the nonlinear light scattering effects. According to Nicolai
et al. (2007), scattering results from multiple refractions at phase
changes inside the analyzed material. In grape must, the suspended
particles inside the must samples may also induced scattering at particle
surface. Also, for wine samples spectra, the best pre-treatment was the
base line correction and the calculation of the first derivate through the
Savitzky-Golay algorithm. This pre-processing technique uses a
smoothing of the spectra prior to calculating the derivative in order to
decrease the detrimental effect on the signal-to-noise ratio which im-
proves a subsequent linear calibration model (Nicolai et al., 2007).
The PLSR model for calcium determination in base wine showed
RMSECV and RMSEP values of 3.311mg/L, 3.053mg/L, respectively
(Table 2). The PLSR model for calcium quantification in grape must
exhibited RMSECV and RMSEP values of 6.960mg/L and 6.284mg/L
for calibration and prediction sets, respectively. A good model should
have a high R2, a low RMSECV, a low RMSEP and a small difference
between RMSECV and RMSEP (Aleixandre-Tudo et al., 2018). Same
differences between RMSEP and RMSECV were obtained by Aleixandre-
Tudo et al. (2018), which indicated robust and accurate calibrations.
To illustrate the model robustness, predicted values are plotted
Fig. 1. NIR spectra of all wine samples with some of the pre-processing methods
applied. A – Base line correction; B – Frist derivate with Savitzky-Golay algo-
rithm; C – Frist derivate with Savitzky-Golay algorithm followed by Standard
Normal Variate (SNV).
Table 2
Statistics for calibration and validation models for calcium (mg/L) in grape
must and wine samples using FT–NIR spectra and PLSR algorithm.
Calibration Validation
Spectral pre-processing VL R2 RMSCV Bias R2 RMSEP RPD
Grape Must
Raw 7 0.796 14.327 0.064 0.782 14.463 1.64
SNV 7 0.861 11.996 0.026 0.850 12.065 2.52
MSC 7 0.845 13.095 0.031 0.840 13.314 1.95
Base line c./1st derivative 7 0.907 9.556 0.017 0.895 9.756 3.21
1st derivative/SNV 7 0.935 6.960 0.003 0.936 6.284 4.39
1st derivative/MSC 7 0.901 10.65 0.018 0.887 10.723 3.09
1st derivative/SNV/MSC 7 0.913 8.652 0.008 0.910 0.920 3.92
Wine
Raw 9 0.895 12.621 0.095 0.840 12.953 1.89
SNV 9 0.786 13.752 0.099 0.763 14.006 1.74
MSC 9 0.724 14.650 0.163 0.723 14.985 1.63
Base line c./1st derivative 9 0.956 3.311 0.006 0.963 3.053 5.19
1st derivative/SNV 7 0.943 4.651 0.019 0.937 4.609 5.1
1st derivative/MSC 7 0.925 8.016 0.033 0.914 8.021 4.26
1st derivative/SNV/MSC 7 0.937 6.351 0.026 0.925 6.925 4.62
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against measured values. In Figs. 2 and 3, measured vs predicted values
of calcium content (mg/L) in grape must and base wine are shown re-
spectively.
In base wine, the best correlation for calcium content, between
measured and predicted data showed an R2 of 0.956 (Table 2) which
attested a more robust calibration model compared with the model
obtained from grape must spectra with an R2 of 0.935. Models are ro-
bust when the prediction accuracy is relatively insensitive to unknown
changes of external factors. In these experimental conditions the de-
termination of calcium in base wine showed a more accurate prediction
compared to grape must. However, both models have an RPD higher
than 3 which means that both have an excellent prediction accuracy
(Nicolai et al., 2007; Versari et al., 2014).
The RPD of the model for the prediction of calcium in wine and
grape must was of 5.19 and 4.39, respectively (Table 2). Higher RPD
values suggest that FT-NIR–PLSR prediction models for calcium content
can be used for quantitative analysis of specific samples in a laboratory
or in industry. Also, according to Fagan, Everard, and McDonnell
(2011), a model is considered good enough to monitor the quality of
individual samples when the R2 is greater than 0.90 and the RPD is
greater than 3.
The calibration models of calcium quantification in base wine and in
grape must obtained with 2016 samples were also validated with
samples from 2017 (Table 3). The coefficient of determination of ob-
served vs predicted values (data not shown), of grape must and base
wine, was 0.999 and 0.997 respectively. So it can be concluded that the
calibration model to quantify calcium in wine and grape must provide
significant identical data with samples from different years.
During harvest period, must separation according to its calcium
content will be an important step in order to control the calcium levels
in base wine in the future.
4. Conclusions
The results confirmed the ability of FT-NIR to predict calcium
content in grape must and base wine. The models obtained can be ap-
plied for general screening and rapid quality estimation. The high cal-
cium levels in grape must and wine found in this study emphasizes the
need for a rapid and reliable technique to quantify calcium. In the near
future it should be possible to create an operating structure during
harvest to separate white grapes according to their calcium content to
avoid combining grapes with high calcium levels in a single fermen-
tation vat. The existence of alternative analytical methods that can be
fast and able to faithfully reproduce the results obtained through the
reference method is an important acquisition to any wine industry.
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